Water treatment processes are required to be in statistical control and capable of meeting drinking water specifications. Control charts are used to monitor the stability of quality parameters by distinguishing the in-control and out-of-control states. The basic assumption in standard applications of control charts is that observed data from the process are independent and identically distributed.
INTRODUCTION
Drinking water treatment plants are responsible for providing high quality drinking water to consumers. High quality drinking water refers to esthetically appealing water that is we are going to use that water, and the extent to which we need its quality and purity. pH is one of the most important operational water quality parameters in determining the corrosive nature of water. pH control is necessary at all stages of water treatment to ensure satisfactory water clarification and disinfection. Turbidity also adversely affects the efficiency of disinfection, and it is also measured to determine what type and level of treatment are needed.
Turbidity in water is caused by suspended matter, such as clay, silt, finely divided organic and inorganic matter, soluble colored organic compounds, plankton and other microscopic organisms (Patil et al. ) .
Control charts are used to monitor two types of process variation, common cause variation and special cause variation. The presence of an assignable variation is an indicator of an out-of-control situation, and is characterized by non-randomness in the data. A standard assumption of traditional control charts is that observations taken from mean and variance. However, observations depart from the assumption of independence for many industrial processes because of the advanced measurement technology, shortened sampling interval, and the nature of the process. The existence of autocorrelation in observations causes problems: detecting 'special causes' that do not exist and not detecting 'special causes' that truly exist, implying a high probability of false positives and/or false negatives (Smeti et al. a) . Alwan & Roberts () proposed a method to deal with data autocorrelation. The method consists of selecting and fitting an autoregressive integrated moving average (ARIMA) model to the process, and then applying a traditional control chart to the residuals. The reason for monitoring residuals instead of actual observations is that they are independent and identically distributed with mean zero when the process is controlled, and remain independent of possible differences in the mean when the process gets out of control (Russo et al. ) . Some examples consid- 
THEORETICAL BACKGROUND OF CONTROL CHARTS FOR AUTOCORRELATED DATA SCC chart
Setting control limits correctly in control charts is one of the main requirements for statistical quality control to verify the statistical stability of the analyzed process. Autocorrelation is a measure of dependency between observations. Autocorrelated data are data that are 'self-correlated'. If the quality characteristic that is under investigation exhibits various levels of autocorrelation, control charts that are based on the assumption of independence will give a higher false alarm rate. In other words, the main effect of autocorrelation in the process data on control charts is that it produces control limits that are much tighter than desired There are two main approaches for constructing control charts for autocorrelated data. The first approach uses standard control charts, but adjusts the method of estimating the process variance so that the true process variance is being estimated. Therefore, in this chart, correlation is taken care of by placing the control limits according to the changed variability (Samanta & Bhattacherjee ).
The second approach that has proven useful in dealing with autocorrelated data is to directly model the correlative structure with an appropriate time series model then use that model to remove autocorrelation from the data, and apply control charts to the residuals (Montgomery ).
This type of control chart is called an SCC chart.
The SCC chart plots the residuals that are obtained after fitting the process to an ARIMA model, rather than plotting the actual observations. All the traditional tools of process control are applicable to this kind of chart (Alwan & Roberts ) . Since the mean of the residuals is zero, the centerline is zero. The standard deviation used in this case is the standard deviation of the residuals, σ a . The limits of the chart are given by:
where L is a constant multiplier, and is usually assumed to be equal to 3 (Mitsakos & Psarakis ) . Since the residuals will be independently and identically distributed random variables, all the assumptions of traditional control charts will be met.
ARIMA models
A time series is defined as a set of observations that are ARIMA models are fitted to the time series data either to better understand the data or to predict future points in the series. The model is generally referred to as an ARIMA (p,d,q) model where p, d, and q denote the number of autoregressive terms, the number of times the series has to be differenced before it becomes stationary, and the number of moving average terms, respectively. The error terms are generally assumed to be independent and identically distributed variables sampled from a normal distribution with zero mean. The general mathematical formula of ARIMA models is as follows:
where Y t ¼ the observed value at time period t, as a linear combination of the values observed at the last p time periods, a random shock to the system at the current time period a t , and random shocks that occurred at the previous q time periods;
Based on the theoretical background, the methodology followed in this study is summarized in Figure 1 .
ANALYSIS Data
The Samsun drinking water treatment plant is located on an area of approximately 300 decares in Tekkekoy District, about 25 km away from Samsun city center. The water coming by gravity from the Cakmak Dam to the treatment plant 13,346 m away is supplied to the city after being subjected to the processes shown in Figure 2 . The daily capacity of the plant is 200,000 m³ and it serves over 500,000 people.
Daily routine analyses (for turbidity, pH, and oxidability) and Figure 4 indicate that the series are non-stationary, since the autocorrelations diminish very slowly. Since the series are not stationary, first order differences were taken. ACF plots in Figure 5 indicated that both of the series are now stationary after first differencing.
ARIMA model
Transformation of non-stationary process variance of 'random walk' using differential d-th order is the final process model to describe the stationary ARMA (p,q). The p and q in ARMA (p,q) measure the orders of the autoregressive and moving average components, respectively. To get
an idea of what orders to consider, the PACF and ACF were examined. In Figure 5 , there is no significant autocorrelation coefficient for turbidity, that is, the ARIMA model for turbidity will not have a moving range component. However, it is seen that one significant autocorrelation coefficient at lag 1 exists for pH. Therefore, MA(1), having a memory of only one period, should be considered for pH.
Notice from Figure 6 that the second and third autocorrelations are statistically significant for turbidity. This suggest the AR (3) model. There is another statistically significant autocorrelation at lag 6, but this can be ignored. Since only the first partial autocorrelation coefficient is significant, the time series for pH has an autoregressive order of 1, called AR (1).
In addition to the above approach based on the ACF and PACF plots of the first-differenced series, several alternative models were also examined for model selection (Table 2) and mean percentage error (MPE) should be close to zero.
ARIMA (3,1,0) and ARIMA (1,1,1) were found to be suitable models for turbidity and pH, respectively. The number of differences (d ) is 1 for both models, since the data were first differenced to render stationarity. Table 3 provides the final estimates of the parameters.
Each of the estimated model coefficients is shown together with a t-test. Since the p-values associated with the coefficients are less than 0.05, the coefficients are significantly different from 0 at the 5% significance level.
SCC chart
SCC charts based on the residuals of ARIMA models show that two points for turbidity and six points for pH are beyond the control limits ( Figure 7 ). This means that thewater treatment process for both parameters is not in control and the source of the variation should be investigated. IC charts in Figure 3 also indicated an unstable or out-of-control process. However, they have generated more out-of-control points than the SCC charts because of the violation of the independence assumption. The existence of autocorrelation in the data caused a substantial increase in the false alarm rate.
RESULTS
Traditional control charts require that observations from the process are independent of one another. Failure to meet this requirement causes the traditional control charts to give a huge number of false alarms. Even a very low degree of autocorrelation in observations has a substantial effect on the performance of these charts. SCC charts, traditional control charts applied to monitor the residuals of the ARIMA model, are more appropriate in a correlated environment as they provide a higher probability of coverage than the individual charts.
In this study, SCC charts for turbidity and pH are based on ARIMA (3,1,0) and ARIMA (1,1,1) models, respectively. According to the SCC charts given in Figure 7 , the water treatment process is not in control statistically for both of the parameters. The outside points for turbidity are observed after the 90th data point. This means that the variability in November was increased compared to other months.
According to the descriptive statistics of Table 1 , the process is also not capable of meeting the allowed upper limit
(1 NTU). Consequently, some out of specification drinking water is supplied to consumers from the turbidity point of view. A number of out-of-control points for pH are higher than turbidity. However, the observed variation for pH is narrower than the specifications (6.5-9.5). This situation is an indication that the process is capable. Since the objective of water treatment plants is to provide drinking water that is safe and acceptable to consumers, it is necessary to investigate the assignable causes of process variation and to eliminate them.
